Technical trading rules have been widely used by practitioners in financial markets for a long time. The profitability remains controversial and few consider the stationarity of technical indicators used in trading rules. We convert MA, KDJ and Bollinger bands into stationary processes and investigate the profitability of these trading rules by using 3 high-frequency data(15s,30s and 60s) of CSI300 Stock Index Futures from January 4th 2012 to December 31st 2016. Several performance and risk measures are adopted to assess the practical value of all trading rules directly while ADF-test is used to verify the stationarity and SPA test to check whether trading rules perform well due to intrinsic superiority or pure luck. The results show that there are several significant combinations of parameters for each indicator when transaction costs are not taken into consideration. Once transaction costs are included, trading profits will be eliminated completely. We also propose a method to reduce the risk of technical trading rules.
Introduction
Methods to analysis financial products generally can be divided into fundamental analysis and technical analysis. In contrary to fundamental analysis, technical analysis focuses on forecasting future price movement based on past market prices, turnover volume, and technical indicators. Some scholars criticize technical analysis since it violates the efficient market hypothesis. Jensen [1] proposes in his paper that " A market is efficient with respect to information set Θ t if it is impossible to make economic profit by trading on the basis of information set Θ t ". Some famous theories, such as random walk model and Black-Scholes pricing formula, are based on the market efficiency hypothesis. Some studies advocate this hypothesis and provide reports of negative evidence for technical analysis, including Levy [2] , Malkiel [3] , Bessembinder and Chan [4] , and Olson [5] .
As time goes by, however, there are increasing amount of evidences showing that the efficient market hypothesis is not valid in some cases. In academia, many literature advocate technical analysis has been published. Technical indicators are the most quantizable methods to conduct technical analysis, and have been widely used by financial practitioners to detect the market trends. Murphy [6] introduces formula and direction of many technical indicators in his book. H.Yu, et al. [7] investigate moving average and trading range breakout rules on south Asian stock markets finding that trading rules have stronger predictive power in the emerging stock markets of Malaysia, Thailand, Indonesia, and the Philippines than in the more developed stock market of Singapore. Papailias and Thomakos [8] propose a moving average strategy with dynamic stop loss, and find it profitable for the price series of DJIA, S&P500, and EUR/USD exchange rate. As for Chinese market, W.K.Wong, et al. [9] apply the MA family (the Simple MA and its extensions, Exponential MA, Dual MA, Triple MA, MACD and TRIX) to Shanghai, Hong Kong and Taiwan markets and find that MA family achieves better performance than the buy-and-hold strategy regardless of transaction costs. Combining with exponential moving average, S.Chen, et al. [10] study the predictive power of Japanese candlestick charting to in Chinese stock market and find that predictive power decreases as predicting period prolongs. H.L.Shi, et al. [11] investigate the profitability of loser, winner and contrarian portfolios in Chinese stock market, they discover that regardless the market is bullish or bearish, there exists significant long-term contrarian effect with holding horizons more than 12 months. Other work of H.L.Shi et al. about Chinese stock market can be found in Ref. [12, 13, 14] .L.X.Cui, et al. [15] adopt DMD method to discover the evolutionary patterns in stock market and apply it to Chinese A-share stock market finding that DMD algorithm can model the market patterns well in sideways market. J.J.Ma, et al. [16] study the stock price fluctuation with intrinsic time perspective concluding that DC method can capture important fluctuations in Chinese stock market and gain profit due to the statistical property that average upturn overshoot size is bigger than average downturn directional change size.
In addition to literature mentioned above, there are still plenty of researches about technical indicators or trading rules. Few of them consider the stationarity of technical indicators. W.Liu, et al. [17] transforms Bollinger bands to a stationary time series in their paper which may be the earliest study about stationary technical indicators. Based on similar method, more scholars started to construct different stationary technical indicators. Wang & Zheng [18] find that based on the incremental stationary property of security price, several popular technical indicators can be proved stationary. They harness this property and discover several profitable high frequency trading strategies in China futures markets. Although the amount of literature about technical indicators is not little, there are few discuss the circumstance of high-frequency data within a minute. X.Wang, et al. [19] propose a method to test the multi-dimensional stationary process and study the stock linkage in Chinese market with half second data. S.Bao, et al. [20] study the application of stationary technical indicator in high-frequency trading based on MACD.
Besides investigating the efficiency of technical analysis, some scholars also focus on the reliability of strategies using technical indicators. Data snooping occurs when the same data is used more than once for the purpose of inference or model selection. This effect may lead to doubt of the reliability of strategies consisting of technical indicators. White [21] illustrates what data-snooping is and creates the reality check(WRC) test to correct the data snooping effect. C.W.Chen, et al. [23] test the same trading strategies as in Ref. [22] in Asian stock markets and find that the WRC p-values of different markets were not the same. They also find that the predictive ability in Asian stock markets is not as good as that in the US. H.Zhu, et al. [24] investigate the profitability of moving average (MA) and trading range break (TRB) rules of Chinese stock exchange indexes and apply WRC to account for data snooping, finding that the best trading rule outperforms the buy-and-hold strategy when transaction costs are not taken into consideration. Hansen [25] proposes Superior Predictive Ability(SPA) test which is modified from WRC and more powerful under most circumstances. P.H.Hsu, et al. [26] further extends the WRC and SPA test into a stepwise SPA test and a stepwise Reality Check test. With these two extended tests, they examines the predictive ability of technical trading rules in emerging markets, and demonstrates that technical trading rules do have significant predictive abilities. S.Wang, et al. [27] test the performance of technical trading rules in the Chinese markets based on SPA test and conclude that the predictive ability of technical trading rules appears when the market is less efficient.
In this paper, we will apply stationary technical indicators to Chinese stock index futures market and to examine whether any of these technical trading rules would generate impressive profits by means of performance measure and risk measure. Adf-test will be used to verify the stationarity and SPA test to correct data snooping effect. The rest of this paper is arranged as follows. Section 2 introduces the traditional and stationary technical trading rules as well as the data we use. The methodology of performance measure, risk measure and two statistical tests(Adf-test and SPA tes) are presented in Section 4. Section 5 describes the empirical results and Section 6 is the conclusion.
Technical indicators

Traditional technical indicators
Moving average
Moving average is one of the most popular technical indicators, generating trading signals if the shortterm moving average penetrates the long-term moving average. Generally speaking, moving average is a trend track indicator. When short-term MA is above(below) long-term MA, price will rise(fall) with higher probability. Denote an n-period moving average of price series {P t } by
If n l > n s , then M A(n s , P ) t presents the short-term moving average while M A(n l , P ) t presents the longterm moving average. More specifically, if M A(n s , P ) t rises above(fall below) M A(n l , P ) t , a buy(sell) signal will be triggered. However, there are many fake signals when short-term and long-term MA crosses each other frequently in a short period, which hardly bring any profit but increase the transaction costs. In order to avoid this situation, traders usually set up a filter zone with an up-band and a low-band, in which no trading signals will be generated. So the trading rules with MA and filter zone is defined as follows,
Stochastic oscillator(KDJ)
George Lane promoted the stochastic oscillator indicator in the 1950s, which is a momentum indicator that uses support and resistance levels. The value of stochastic oscillator technical indicator is determined by the location of current price in relation to its price range over a period of time. The stochastic oscillator is displayed as two lines. The main line is called %K. The second line, called %D, is an iterative EMA of %K. Sometimes traders also consider another line called %J, which is a linear combination of %K and %D. Since the name of three lines, the stochastic oscillator indicator is also called KDJ. The algorithmic method is as follows. Denote L t and H t as the minimum and maximum price of the period of length n respectively. L t = min {P t , P t−1 , . . . , P t−n+1 },
Then we define RSV t , %K t , %D t and %J t as follows where m, k < n. Usually we take m=3,k=3 and n=5, 9, or 14.
There are several ways to interpret a stochastic oscillator. Three popular methods include:
• Buy when the oscillator (either %K or %D) falls below a specific level (e.g., 20) and then rises above that level. Sell when the oscillator rises above a specific level (e.g., 80) and then falls below that level;
• Buy when the %K line rises above the %D line and sell when the %K line falls below the %D line;
• Look for divergences. For instance: where prices are making a series of new highs and the stochastic oscillator is failing to surpass its previous highs.
Bollinger bands
The Bollinger bands is a technical analysis tool invented by John Bollinger in the 1980s. An up-band and a low-band consist the Bollinger bands.
Denote an n-period exponential average(EMA) as follows.
Consider EM A(n, P ) t to be the mid line of Bollinger bands, and denote the up-band and low-band as EM A(n, P ) t + Kσ t and EM A(n, P ) t − Kσ t respectively, where K is a parameter and σ is the standard deviation of the difference of price and EM A(n, P ) t .
When price is above the up-band, we consider the market is bull. On the contrary, when price is below the low-band, the market is bear. Therefore, buy signals will be generated when price rises above the up-band while sell signals will be generated when price falls below the low-band. In other word, no signal will be triggered when price is between the up-band and low-band.
Stationary technical indicators
2.2.1 Brief introduction of stationary process Definition 2.1. A stochastic process {X t } is called a stationary process, if for any a > 0 and any finite time t 1 < t 2 . . . < t n , the random vector {X t1 , X t2 , . . . , X tn } has the same probability distribution as {X t1+a , X t2+a , . . . , X tn+a }.
As Def.2.1 shows, the distribution of a stationary process will not change while time goes on. It is easy to see that, if {X t } is a stationary process and f (x) is a function such that {f (X t )} is also a stochastic process, then {f (X t )} is a stationary process.
The definition of stationary process is perfect and too strict to satisfy. One can hardly verify a stochastic process is stationary. In actual applications, people care more about the mean and variation of a stochastic process. In this sense, weakly stationary process is more practical. 
It is easy to see that a strongly stationary process with finite mean and variation is a weakly stationary process.
Logarithmic return is stationary
Denote P t is the price of a financial underlying at time t, and p t is the logarithmic price, i.e. p t = log P t . For any positive a, ∆a t = p t − p t−a is the logarithmic return for the period a.
In Ref.
[?], the author indicates that one can NOT REJECT the null hypotheses that logarithmic return time series are weakly stationary via statistical tests. Although the real hypothesis is that logarithmic return time series are strongly stationary, the gap between the theory and statistical tests is not very critical in application. So we will follow this conclusion. The test for stationarity will mentioned in section 4.3.1.
Under the premise that the logarithmic return {∆p t } is stationary, just follow the statements in Ref. [18] , when N is large enough, one can assume that there is no more than one transaction in each closed time interval
I n is the position on time n. I = 1 represents a long position, I = −1 represents a short position, and I = 0 represents a neutral position. Therefore the total realized logarithmic return (without counting transaction costs) by time T is
In the China Financial Futures Exchange, the transaction costs of some products are at a small percentage of total value of transaction. Suppose the unilateral transaction cost percentage is c, the total realized logarithmic return by time T is
When N → ∞, the above sum converges to T 0 I s dp s + log
K T is the number of transactions before T and S i is the open time of the i th trade while T i is the close time of the i th trade.
When {(I t , ∆p t )} is stationary, so is each term in the sum of eq.1. Thus the mean logarithmic return as follows converges applying the strong ergodic theorem.
Stationary moving average
According to Ref. [18] , neither P t nor M A t is stationary. Denote an n-period stationary moving average as follows, SM A(n, P ) t =M A(n, P ) t /P t = (1 + P t−1 /P t + P t−2 /P t + · · · + P t−n+1 /P t ) /n = 1 + e pt−1−pt + e pt−2−pt + · · · + e pt−n+1−pt /n.
An n-period stationary moving average is a function of the logarithmic return {∆p t }. Moreover, the ratio of SM A(n s , P ) t and SM A(n l , P ) t , denote R(n s , n l , P ) t , is also a function of {∆p t }. When {∆p t } is stationary, so is SM A(n, P ) t and the ratio.
Then M A(n s , P ) t up-crosses(down-crosses) M A(n l , P ) t is equivalent to R(n s , n l , P ) t up-crosses(downcrosses) 1. As section 2.1.1 mentioned, we also set up a filter zone with an up-band and a low-band, in which no trading signals will be generated. So the trading rules with SMA and filter zone is defined as follows,
• Open long: R(n s , n l , P ) t−1 ≤1+up-band & R(n s , n l , P ) t >1+up-band;
• Close long: R(n s , n l , P ) t−1 >1+up-band & R(n s , n l , P ) t ≤1+up-band;
• Open short: R(n s , n l , P ) t−1 ≥1+low-band & R(n s , n l , P ) t <1+low-band;
• Close short: R(n s , n l , P ) t−1 <1+low-band & R(n s , n l , P ) t ≥1+low-band.
Let low-band be the opposite number of up-band, then they can be described in one parameter b. Hence, we have the set of parameters (n s , n l , b =100 × e pt−pt−n − e min{pt−pt−n,pt−1−pt−n,··· ,pt−n+1−pt−n} e max{pt−pt−n,pt−1−pt−n,··· ,pt−n+1−pt−n} − e min{pt−pt−n,pt−1−pt−n,··· ,pt−n+1−pt−n} .
When {∆p t } is stationary, so is {RSV t }. %K is the function of RSV while %D is the function of %K. Therefore {%K t } and {%D t } are stationary if {∆p t } is stationary.
As for the trading strategy, we choose a strategy as follows, which is very popular among traders.
• Open long:
• Close long:
• Open short:
• Close short:
There are 3 parameters for KDJ(m, n, k). For each high-frequency data, we pick parameters from (5,1,3), (5, 3, 3) , (9, 3, 3) , (14, 3, 3) and (19, 3, 3) , resulting in 15 KDJ strategies.
Stationary Bollinger redband
Obviously, the original Bollinger bands is not stationary. We can transform Bollinger bands into the following form.
(2) SBoll(n, P ) t is a function of {e pt−i−pt−n ; i = 1, 2, · · · , n − 1}. When {p t } is of strongly stationary increment, {SBoll(n, P ) t } is a stationary process. The price between the Bollinger bands is equivalent to the inequality −K < SBoll(n, P ) t < K.
So the trading signals are generated by the following rules:
Trading signals generated by stationary Bollinger bands strategy are associated with 2 parameters. One for EM A(n, P ) t , the other is the coefficient of σ. The value of n can be 20, 30, 60 and 120, while K is chosen from 0.1, 0.5, 1, 1.5, 2, and 2.5. Therefore, there are 72 stationary Bollinger bands strategies with 3 high-frequency data series.
All high-frequency stationary strategies above just trade no more than one share in a unit of time and will be forced to close all positions at the end of every trading day.
Data description
We apply the trading rules in above strategies on CSI300(China Security Index 300) Stock Index Futures main contract to investigate which technical strategy has the best performance. The reasons why we choose this underlying asset are as follows.
CSI300 Stock Index Futures is the first stock index future in Chinese financial market introduced by the China Financial Futures Exchange(CFFEX) on April 16th 2010. CSI300 consists of 300 A shares in Shanghai and Shenzhen securities markets. The sample covers about sixty percent of the market value of Shanghai and Shenzhen, exhibiting good representativeness. Hence, CSI300 Stock Index Futures has great market liquidity and reflects the overall trends of the market. The other advantage of choosing CSI300 Stock Index Futures is that although short selling is forbidden in Chinese A share security market, it is allowed in futures market. This will bring convenience and completeness to our research.
To the comprehensiveness of our research, we choose 3 different high-frequency data(15s,30s and 60s) to test all the trading rules. All three high-frequency data of CSI300 Stock Index Futures cover a period from January 4th 2012 to December 30th 2016, which leads to 1276799(15s), 638399(30s) and 319199(60s) data points respectively. Due to the large data volume, one can hardly distinguish the difference of high-frequency data and daily data in a figure. Thus, Fig. 1 just shows the trend of daily data. One thing should be mentioned is that before January 1st 2016 CSI300 Stock Index Futures could be traded from 9:15 am to 11:30 am and from 13:00 pm to 15:15 pm each trading day. However, the open time changed to 9:30 and the close time changed to 15:00 from January 1st 2016. The data we used follows this rule. We estimate the log-return, i.e. logarithmic difference return, of three high-frequency data separately, and find that the largest log-return of 15s, 30s and 60s data are 8.02%, 7.84% and 7.71% respectively while the smallest log-return of 15s, 30s and 60s data are -6.35%, -5.70% and -5.84%. Table 1 lists the basic statistics of log-returns for all three high-frequency data. When compared to a normal distribution, all three return distributions have excess kurtosis and right skewness.
Methodology
Performance measure
Performance and annual performance
The performance of a strategy is defined by how much the net profit or loss the strategy generated based on the initial equity at the end of given period of time or in other word, the back test period. Different strategies may have different back test periods, for the convenience to compare the performance of different strategies, annual performance is a better choice. Annual performance calculates a performance over a year, which equals to a performance multiplied by 250(number of trading days in a year) and divide the number of days in the back test period.
PnL (Profit and Loss)
Profit and loss index, in short, P nL is the ratio of net profit over the amount of winning or losing trades. It is defined by the following formula.
P nL = T radeP rof it − T radeLoss M ax(T radeP rof it, T radeLoss)
The value of P nL ranges from -100 to +100. A positive number reveals that overall a strategy generate a net profit, otherwise a net loss.
Average profit/Average loss
This index is a ratio of average profit from profitable trades over average loss from unprofitable ones. If a strategy is good, it will let profitable trade run and stop loss as quickly as possible. That is to say, the ratio is high if one strategy is good in above meaning.
In consideration of the convenience of horizontal comparison, we will calculate the average profit and loss via daily return in this paper.
Percentage of profitable trade
This index gives the win rate of a strategy, which is the ratio of the number of profitable trades over whole trade number. A high ratio indicates the strategy has a high probability to predict the change direction of price correctly.
A profitable strategy, however, may not have a high win rate. For example, if there are 4 trades. A profitable one with 5 points, and three loss ones with 1 point each. The win rate is only 25%, but the total net is 2 points.
Risk measure
Sharp ratio
Sharp ratio is an index estimating how much excess return a strategy can capture via a unit of risk. The excess return is the difference between return of the strategy and the risk-free interest rate, and the standard deviation of return generated by the strategy is considered to be the risk. Specific formula is as follows,
r f is the risk-free interest and r is the return of measured strategy. Deserve to be mentioned, we calculate daily sharp ratio then convert it to annual sharp ratio to measure our strategies, since high-frequency sharp ratio is not representative enough for comparison while calculate annual sharp ratio directly need more than 5 years data to be meaningful. r f will be set to be zero when calculate daily sharp ratio since the forced liquidation at the end of every trading day. The converting formula is as follows,
The number 250 is the average number of trading days in one year.
Maximum drawback percentage
Maximum drawback percentage is another popular index to measure risk. It presents the worst situation of a strategy in a given period of time. Suppose there are n trading days. Denote V i is the asset value on the i th day and
The smaller this index is, the robuster the strategy is. We also concentrate on maximum drawback percentage based on daily return.
Annual return / Maximum drawback percentage
Just as the name implies, this index is the ratio of annual return over maximum drawback percentage. This index is popular and important comprehensive standard to measure the stability of one strategy.
Testing statistics
ADF-test
ADF-test is the abbreviation of augmented Dickey-Fuller test. Although this test can only test a unit root process, not a weakly stationary process, the similarity between them gives the ADF-test the ability to check the weakly stationary process. Many papers have been published on the ADF-test. The Dickey-Fuller test [28, 29] is a popular unit root test used to assess the time-series property of economic and financial data. MacKinnon [30] , Harris [31] and Cheung & Lai [32] focused on the use of test parameters, therein demonstrating that both the lag order and the sample size can affect the finite-sample behavior of the test.
The ADF-test for a unit root assesses the null hypothesis of a unit root using the model y t = c + δt + φy t−1 + β 1 ∆y T −1 + β 2 ∆y T −2 + · · · + β p ∆y t−p + ǫ t , where ∆ is the differencing operator, p is the number of lagged difference terms, and ǫ t is a mean zero innovation process. The null hypothesis of a unit is H 0 : φ = 1; under the alternative hypothesis, φ < 1. Variants of the model allow for different growth characteristics. The model with δ = 0 has no trend component, and the model with c = 0 and δ = 0 has no drift or trend. The logic applied by statisticians is as follows: if one cannot show that the current sample path is unlikely from a weakly stationary process, then we simply keep the weakly stationarity hypothesis.
We will conduct ADF-test to verify the stationarity of logarithmic return of high-frequency data.
Superior predictive ability
As White [21] mentions, when a given data set is reused more than once, some strategies may be significant just by chance rather than any inherent merit. This phenomenon is called data snooping bias. White [21] creates the reality check(WRC) test to correct the data snooping effect. Hansen [25] proposes superior predictive ability(SPA) test which is modified from WRC and more powerful under most circumstances. Thus, we choose SPA test to check data snooping bias.
Assume there are K different strategies and T trading days, denote d k,t = T t=1 d k,t as the performance of strategy k, where d k,t (k ∈ 1, 2, . . . , K, t ∈ 1, 2, . . . , T ) represents the performance measure of methods k on day t. Suppose there are N time points on day t, and the unilateral transaction cost is c, the performance measure d k,t is written as,
I n is the position on time n. I = 1 represents a long position, I = −1 represents a short position, and I = 0 represents a neutral position.
Denote
The null hypothesis of SPA test is as followed:
Politis and Romano [33] proposes a stationary bootstrap, we follow this method to get SPA test result. First, generate a random matrix {R b,t } of size B × T . For each row, for example the b th row,
, t = 1, 2, . . . , T } as the b th re-sample. The performance of the b th re-
Denote P * as the bootstrap probability measure, the critical value for SPA test under significance level of α can be described aŝ
Follow Hansen's [25] recommendation, the kernel estimator ofω k is used in this paper. The null hypothesis is rejected if max k=1,2,...,K √ nd k /ω k >q * a . With further development, P.H.Hsu, et al. [26] extend SPA test to Step-SPA test which enables researchers to identify significant models.
Step-SPA test can be conducted through the following steps:
. . , K in a descending order.
• Step 2: Assume the k th model has the max d k /ω k . Procedure stops if √ nd k /ω k >q * a , otherwise move to step 3.
• Step 3: Remove the k th model in step 2 from the model universe, then conduct step 1 and step 2 for the remaining models.
• Step 4: Repeat the 3rd step till no model can be rejected. All the removed models are identified as significant ones.
Following P.H.Hsu, et al. [26] , we let Q = 0.9 and B = 500, and set the significance level to 5% and 10%.
5 Empirical results
Performance
We set initial capital to be one million and trade no more than one share once. We test 64 groups parameters of stationary MA on 3 high-frequency data respectively, resulting in 192 different strategies. If parameters for short MA and long MA are fixed, number of trades has a decreasing trend while width of filter band rises. For each frequency data, more than four-fifth strategies have a positive annual return, the specific numbers are 48 of 64, 52 of 64 and 56 of 64. However, strategies have sharp ratio larger than 1.5 are not that many, only 30 in total. Another thing should be mentioned is that only 16 strategies win more than 50%. Stationary MA strategy is a trend-following strategy which leads to a low win rate. Wrong judgement of the direction of trend or repeated shocks may result in several losses, however, capture megatrends once will eave the situation even bring some profit.
Popular parameters for KDJ is not such many as for MA. Here are 15 KDJ strategies together. 15s KDJ strategies do not perform well, none make profit, while three of five 30s strategies and all five 60s strategies have positive annual return.
As for stationary Bollinger bands strategies, 24 of 72 make profit, and the best one earns 59.31% one year. However, only 3 strategies have sharp ratio larger than 1.5 and only 1 strategy win more than 50%. Not high enough sharp ratio indicates that the stability should be strengthened. Trading rules generated by Bollinger bands belong to channel breakouts strategy. Similar to trend-following strategy, it makes money depending on high ratio of profit over loss instead of high win rate. To be mentioned, ratios of average profit over average loss of all 279 strategies are all larger than 1. The most profitable strategy of each technical indicator strategy is listed in Table 2 separately, and Fig.  2 shows the net value of these 3 strategies. For the overall simplicity, detail results of all 279 strategies are presented in Table 11 -19 in appendix.
Above shows the circumstance when transaction cost is not taken into account. Once the cost is included, no strategies can bring profit. There are two possible reasons. As Table 3 shows, the transaction cost has been adjusted higher since the next half year of 2015, especially the adjustment in September 7th 2015, which leaded the new cost to be hundredfold of the cost from the next half year of 2012 to the first half year of 2015. This change does not only increase the cost but also fluctuates the market pattern. The good news is that the transaction cost has been adjusted to 9%% which gives investors the hope that one day it will be lower in the future. The other reason to explain this result is the market efficiency. There's a bold assumption that the transaction cost may has the function to insure the efficiency of market. It worth noting that in this paper we just discuss the simple stationary technical trading rules. They are basic rules and has the potential of further development. Just as strategies given by Ref. [17, 19, 20] show, there are methods to cover the cost and make a profit. However, this is not the area of this paper. 
ADF-test
First, we test the stationarity of log-return of raw time series, i.e. {∆p t }. Tables 4 5 6 are simplified 15s,30s and 60s data test results. Regardless of the number of lagged difference terms (lags) that are taken, the final test result remains "1", which means that the logarithmic return is a weakly stationary process. On the other hand, in the Black-Scholes framework [18] , the stock price can be written as P t = P 0 exp{σB t + (r − σ 2 /2)t}; thus, ∆p t = σ(B t − B t−1 ) + (r − σ 2 /2), where B t − B t−1 is the difference between two independent Brownian motions, and therefore, it is stationary. In summary, according to the classic financial models and sample data verification (ADF test), {∆p t } is a stationary process. Fig.3(a),(b)and(c) show the logarithmic return of 15s, 30s and 60s data respectively. Second, we verify the stationarity of three stationary indicators and find that all reject the null hypothesis. In other words, we can not reject that these indicators are stationary. For simplicity, here just show the result of SBoll(120, 2.5) with 15s data in Table 7 . Fig. 4 indicates the shape of Boll(120, 2.5) and SBoll(120, 2.5) with 15s data of IF1611 from 20th October 2016 to 16th November 2016. From Fig.4(a) , original Bollinger's bands have clear tendency. However, stationary Bollinger band in Fig.4(b) fluctuates around 0. Finally, we check whether the log-return generated by all the trading rules are stationary or not. We test the stationary of single log-return of all 279 strategies and all ADF-tests get the result "h = 1", i.e. the log-return is stationary. Fig. 5 shows the result of Boll(120, 0.1) with 60s data. From Fig. 5 (a) , the curve follows a trend of rising. Fig. 5 (b) is the average of the cumulative logarithmic return. At the very beginning, the trend is one of violent shaking; however, over time, this trend begins to calm down and converges to a determined value above 5 × 10 −5 . Table 8 presents number of significant strategies among all the 297 strategies for each high-frequency data. 54 strategies under the significant level of 5% and 70 strategies under the significant level of 10% are significant. Some profitable strategies do not pass SPA test. Two reasons may explain this phenomenon, the first one is that there may be some strategies succeed occasionally, i.e. the phenomenon of data snooping; the other one is that although SPA test greatly improves the power of test, there still exists chance to neglect methods which have predictive power(the type II error), as mentioned by Hansen [25] . However, strategies that are significant according to SPA test match almost best performed strategies.
Data snooping
Results of Step-SPA test indicate that after correcting for data snooping bias, all stationary indicators have significant predictive power. Although some combination of parameters and data frequency may win by chance, most profitable strategies maintain significant predictive ability. Among the 3 stationary indicators, MA and Bollinger bands perform well with some parameters regardless of the frequency of data. However, KDJ is no longer significant for 15s data under Step-SPA test under significance level of 5% and 10%. When transaction is taken into account, no strategy is significant and the reason is the same as mentioned in section 5.1. 
Strategy improvement
As above mentioned, we discuss the profitability of simple stationary technical trading rules with highfrequency data of Chinese Index Futures. In practical trading, however, investors concentrate on both profitability and stability. The first property insures the profit, but there's no perfect strategies in the world that win all the time. A big loss may let former accumulated profit be wiped out in a day. From this perspective, stability may be more significant.
Market changes, no strategy profits once for all. That's the reason why traders in reality debug their strategies all the time. In this section, we choose the best strategy from a strategy pool once in several days, and put the chosen one in the market for a while. The interval to compare performance of strategies in strategy pool is called train period, and define the interval in which the chosen strategy be put in market to be test period. The strategy pool consists of "good" strategies. The criterion "good" stands for a sharp ratio larger than 1.5. The specific strategy name and corresponding index are listed in Table 9 . All strategies in the pool are significant according the result of SPA test. And in this section, transaction cost will be neglected.
The beginning string of each strategy name means the technical indicator the strategy used, the number after ' ' stands for the frequency of data, and the numbers in the brackets are the parameters of the strategy. For example, Boll 30(120,0.1) means the strategy generated by stationary Bollinger band and 30s data with parameter 120 and 0.1. As for the length of train period and test period, we set test period from 10 days to 80 days every 10 days and train period from 20 days to 80 days every 10 days, and demand that test period is not longer than train period. So we get 35 group train-test period parameters. To make it clear, here explain the operation with the first group parameter. From day 1 to day 20, all strategies in strategy pool run together and we pick the best one, named strategy A. Put strategy A in the market from day 21 to day 30. In a while, all strategies run together from day 11 to day 30 in order to generate the next best strategy B, and then let strategy B run in the market form day 31 to 40. The rest process can be done in the same manner. Strategy A and B can be the same strategy if this strategy perform best both in train period 1 and 2. Strategy with largest Annual return/Max drawback percentage will be the best strategy in a train period. Table 10 lists the performance of optimized strategies with different length of train period and test period. From the point of sharp ratio, the best strategy in strategy pool is Boll 30(120,0.1) whose sharp ratio is 2.33 and its ratio of annual return and max drawback percent is 8.93. The highest sharp ratio of optimized strategies is 2.46 with parameter (30, 20) . The ratio of annual return and max drawback percent is 9.22, which is larger than 8.93. Fig. 6(a) is the net value curve of Boll 30(120,0.1) and Fig. 6(b) indicates the net value curve of the optimized strategy with parameter (30, 20) . Above we can say the optimized strategy is more stable than single stationary technical indicator strategy. This may be a feasible way to further study.
Conclusion
In this paper, we check the profitability of simple stationary technical trading rules with three highfrequency data(15s,30s,60s) of Chinese Index Futures by means of several performance and risk measure and two statistical tests, ADF-test and SPA test. The trading rules consist of stationary MA, stationary Bollinger bands and KDJ rules. Logarithmic return of all 297 strategies passes the ADF-tests regardless of the number of lagged difference terms (lags) that are taken. For each stationary technical indicator, there exists significant combination of parameters according to SPA test. And strategies which perform excellently according to performance measure and risk measure all pass SPA test when there are no transaction costs. When transaction costs are taken into account, the best strategy no longer has superiority over others and even loss due to high transaction after September 2nd 2015. At the end of this paper, we propose a feasible method to improve the stability of our strategies from the risk perspective. 
